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Abstract: The human visual system plays an important
role in perceiving information related to the surrounding
environment. Because visual cues provide more data than
auditory information, visual cues are more effective than
auditory cues when it comes to perceiving the
information. However, in the case of visually impaired
people, the lack of visual information will limit them in
identifying information and people around them.
Therefore, along with medical treatment technology,
technology supports visually impaired people when
moving is being studied and becoming urgent. Realizing
the high applicability of recognition technology with
artificial intelligence in helping the visually impaired, in
this article, we propose and develop a smart wearable
device that recognizes faces for visually impaired people
applying deep learning techniques. The device was
deployed on a compact, flexible hardware platform with
low cost to identify and announce the name of the person
identified to the visually impaired person through the
voice. The results of experiment and evaluation show that
the proposed device is extremely versatile and has
achieved remarkable accuracy of 99.3% in a practical
environment.

Keywords: 10T, Deep learning, Face detection, Face
recognition, Convolution Neural Network.

I. INTRODUCTION

Nowadays, according to the World Health
Organization, there are currently about 285 million people
suffering from visual impairment worldwide [1]. Recent
advances in modern technologies including Internet of
things and artificial intelligence gradually enhance the
intelligence of electronic devices to help simplify and
make human life easier in a wide range of applications
such as health care, education, finance, security and
especially visually impaired person assistance [2, 3].
Many visually impaired people in the world are utilizing
state-of-the-art technology to perform tasks in their daily
lives. Such assistive technologies are commonly based on
electronic devices equipped with sensors and processors
capable of making “intelligent” decisions [4, 5].
Unfortunately, those critical assistive technologies are still
out of reach for most of the visually impaired persons in
developing countries like Vietnam where the number of
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blind and low-vision people (collectively referred to as the
visually impaired persons) is more than two million while
an estimated one-third of those have low incomes. Hence,
development of low-cost and effective smart devices
assisting visually impaired people is necessary.

In order to support visually impaired individuals,
research and application of face detection and recognition
have been attracting worldwide attention. At present, the
development of intelligent algorithms, as well as image
recognition and processing methods, have been improved
to an almost absolute level of accuracy [6-8]. Various
methods have been implemented for selection of the
optimal application related to face recognition and face
detection. In general, they are separated into two main
classes that are machine learning [8-10] and deep learning
[11-15]. Deep learning has emerged as an alternative
method for machine learning, due to no requirement of
human knowledge-based feature extraction and feature
selection while offering an automatically learning feature,
which is absent in machine learning [11, 12]. The face
recognition and face detection performance of several
deep learning models has been shown in many scientific
reports with significant results [16-17]. In [16],
researchers from Google proposed a deep learning model
called FaceNet, which is known as the state-of-the-art
deep learning model for face recognition with significant
accuracy. This model uses a deep neural network
extracting face features and using triplet-loss technique
for training. Besides, FaceBook also proposes a deep
learning facial recognition system called DeepFace [17], it
consists of a nine-layer deep neural network which
involves more than 120 million parameters and locally
connected layers without weight sharing. A simple
method using face thermal images and convolutional
neural network (CNN) for face recognition is proposed in
[18-20]. Although many face recognition applications are
available for smartphone, tablet, security system, car, ...
the number of face recognition enable assistive systems,
especially visually impaired person supporting devices,
are limited [4, 5], and the price of almost such smart
devices is still relatively high.

In this paper, we develop a low cost and simple
wearable smart device system that enables face
recognition by using an effective intelligent algorithm for
assisting visually impaired people. The system is built on
a multi-purpose computer platform, i.e. Raspberry Pi 4B,
with necessary hardware modules including camera and
voice interaction, and a high accurate face recognition
software module. The smart wearable device is able to
recognize familiar faces and instantly and accurately
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inform their name. The system detects the faces from the
images captured by the camera, then crops and converts
the original face images into the appropriate grayscale
images to speed up the process of the deep learning model
implemented in the system. We extract features from
facial images into a vector embedding. This vector
embedding is used to train the classifier with a machine
learning algorithm and put on the smart wearable device.
Experiments have been done under various practical
conditions. The obtained results prove that our developed
system works properly and it can provide high accuracy,
saying up to 99.3% in good light condition and at least
98.6% even in weak light condition.

II. AI-BASED SMART WEARABLE DEVICE FOR
VISUALLY IMPAIRED PEOPLE

System Design

In this work, we target a small-scale, cost-effective,
and highly accurate face recognizable smart wearable
device using an intelligent algorithm for visually impaired
people. In order to realize a low-cost and flexible device,
we exploit multi-purpose hardware platforms, open-
source software and mature Al technologies. Figure 1
shows the basic block diagram of our proposed smart
wearable device. Our system is built with an open-source
firmware, i.e. Raspbian [21], and a commercial
off-the-shelf hardware, Raspberry pi 4 [22, 23, 24], and
develop an intelligent algorithm to detect and recognize
the familiar faces of the visually impaired person.
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Figure 1. Block diagram of the proposed system

In figure 2, we illustrate the face recognition
processing flow of our proposed smart wearable device.
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Figure 2. System flow of proposed smart device

Hardware Construction

Our developed device contains a Raspberry Pi Camera
with 5 megapixels resolution and adjustable focus
distance, a Raspberry Pi mini-computer, a headphone, and
a power source. Raspberry Pi Camera captures a video
frame and sends it to the main processor Raspberry Pi 4
where face recognition is performed. Raspberry Pi also
produces associated audio names of the people who are
recognized and sends it to the blind via headphones.

In our proposed smart device, we used a Raspberry Pi
4 Model B [22, 23, 24] as the main processor. This mini
computing platform has 2 Gb Ram, 1.5 GHz CPU, a WiFi
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port 2.4 GHz and 5.0 GHz in IEEE 802.11ac standard,
one port Gbps Ethernet and four USB ports [23]. The
Raspberry pi 4 was powered by a backup charger which
can supply 5 voltage direct current in about 12 hours.

Software Solution

1) Data

In this article we collected portrait images from 5
people in our laboratory for training our model. The
dataset contains variations in facial poses such as front,
left, right in different conditions of light. The accessories
as glasses, hats also are included in this dataset. Total
1500 images had been used for training, validation and
testing in our system. We collected 300 images for each
person, which were then divided into 200 images for the
training set, 70 images of the validation set, and 30 images
of the test set. For image on training set, we were pre-
processing image by detect human face in image using
MTCNN model [25], then crop and convert facial image
into grayscale, after that feed into deep learning model for
face recognition.

2) Face detection method

In this paper, we wused Multi-task Cascaded
Convolution Neural Networks (MTCNN) for face
detection task. MTCNN is a neural network which is
known with high accuracy in face detection and alignment
on images. It consists of 3 neural networks connected in a
cascade [25,26]. Figure 3,4 and 5 show architecture of
three convolutional neural networks in the MTCNN
model.

In the first stage, a fully convolutional neural network
is constructed called Proposal Network (P-Net). All
candidate windows and their bounding box regression
vectors are acquired. Then the bounding box vectors are
used to calibrate the candidates. After That, a non-
maximum suppression (NMS) is used for merging highly
overlapping candidates. [26]
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Figure.3 Structure of P-net

Then, all candidates obtained from P-net are sent to
another CNN model, called Refine Network (R-net). In
this stage, R-net removes a large number of non-face
windows, performs calibrations with bounding boxes and
merge candidates via NMS.
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Figure 4. Structure of R-net
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Finally, in the last stage the results from R-net are fed
to Output Network (O-Net) which is an efficient CNN.
This stage aims to optimize the result from R-net and out
put five facial landmarks position and final bounding box.
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Figure 5. Structure of O-net

MTCNN have three tasks of training: face
classification, bounding box regression and facial
landmark localization. Each task has its own loss function.
In face classification task or you may know it as a two-
class classification problem, the cross-entropy loss is used
for cost function.

L3 = — (3¢ log log (p)) + (1 —y2**)(1 —p)) (1)

Where P:i is the probability that indicates sample

Xibeing a face. The Y& is the ground truth label with
two values {0,1}.

In bounding box regression, the loss function uses

Euclidean loss for each sample *:i. For each sample we
predict the offset between the candidate window and the
nearest ground truth.

Ll;ox — ”j\_,_bo.r bo.r (2} (2)

]

Where ¥ represents the regression target created by

P-net and ¥ is the ground-truth coordinate. Euclidean
loss is also used in Facial landmark localization task
which is formulated as a regression problem just like
previous task and we minimize the loss function as:

L!ﬁmzdmm'k ”}.m:dmmk }:_!mzdmm'k”g (3)

Finally, the overall loss function is shown in formula
(4).

fioss =minEL j € {detjbox,Iaﬂd';nm‘k}a}-ﬂijﬁ; 4
Where N is the number of training examples and &
represent the task importance.

(Faer = L ttyor = 0.5, Mygnamark = 0'5) is used in R-net
and P-net. (%der = L @pox = 0.5 @ranamark = 1) is used
in the output network O-net. The stochastic gradient
descent is a useful method to train these CNNs.

3) Data pre-processing

After detecting the face in image using MTCNN, we
crop the face image of the candidate and transfer it to a
grayscale image for reduced dimension of input data then
forward it to extract feature block which is shown in
figure 6. This step is very important because reducing the
dimension of the image which is represented in 3-D to 2-
D helps us reduce computational cost in the face
recognition task. Then, we resize gray scale images to
160x160 resolution to fit with input of FaceNet model in
extract feature task.
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Figure 6. Face extraction
4) Feature extraction

In our smart device, we use the FaceNet model to
extract some efficient features in the facial image of a
candidate who is detected by the device. FaceNet is a deep
neural network used for face recognition and it can be
used as an embedding model for extracting features from
an image of a person’s face. The core of FaceNet is based
on 2 types of CNNs including Zeiler & Fergus
architecture [27] and Inception model [28] architecture
based on GoogLeNet. Table I, 1l show structure of two
CNN models above. The two architectures different in the
number of parameters used and Float Point Operations Per
Second (FLOP).

TABLE I. THE ZEILER & FERGUS NETWORK
ARCHITECTURE

Nlayer |  size-in size-out kernel |param|FLPS|
comv] | 220x220=3 [110=110=64| T=T=x3,2 9K 115M
pooll |[110x=110x64| 55=55=<64 | 3x3xG4,2 0

morml | 55x 55 x 64 D5 x DD =64 0

conv2a| 5S6x55=64 | B5E=565x64 | 1=x1x6G4,1 4K 13M

conv2 55x55x 64 | 55x55x192 | 3x3x64,1 | 111K |335M
morm2| 55x55x 192 | 55x55x 192 0

pool2 | 55x55x192 | 28x28x192 |3x3x192,2| 0

convia| 2Bx28x 102 | 28x28x 192 |1=x1x192,1| 37K | 29M

conv3 | 2Rx28x 192 | 2R x28x 384 |I=x3Ix192, 1| 664K |521M
pool3 2828 =384 | 142142384 [3=3»384,2 0

convda | 14 14=384 | 1d=14=384 |1 =1=384,1] 148K | 20M

convd | 14x 14384 | 14 14x 256 [3x 3384, 1| BBS5K |173M
convia| 14x14x256 | 14x14x256 |1=1x256,1| 66K | 13M

convs | 14x14x256 | 14x 14x256 |3 x3=256, 1| 590K |116M
conviba | 14x 14 =256 | 14x14=x256 |1 = 1x256,1] 66K 13M

conve | 14x 14=256 | 14x14=256 |3=3x256, 1] 590K |116M
poold | 14x 14 =256 TxTx256 |3x3x256,2 0

concat T = T 256 T T =256 0

fcl T = Tx 256 1x32x 128 | maxout p=2 | 103M |[103M
fc2 132128 1x32x 1258 | maxout p=2| 34M | 34M

fcTI28 | 1=32x128 Ix12x128 524K | 0.5M
L2 1x1x128 11128 0

total 140M | 1.6B

TABLE Il. THE NN2 INCEPTIONS ARCHITECTURE

type ORI | depn | 411 ::d’l:[: #ax3 | T | gans pr‘:}"('pl params | FLOPS
convl (TxTx3,2) 112x112x64 1 9K 119M
max pool + norm 56 %56 x64 0 m3x3, 2

inception (2) 56 56 x 192 2 o4 192 115K 360M
norm + max pool 2828 x 192 0 m3x3, 2

inception (3a) 28 28 x 256 2 64 96 128 16 32 m, 32p 164K 128M
inception (3b) 28x 28 x 320 2 64 96 128 32 64 Ly, 64p 228K 179M
inception (3c) 14x 14 x 640 2 0 128 256,2 32 64,2 m3x3,2 398K 108M
inception (4a) 14 14 % 640 2 256 96 192 2 64 L. 545K 107TM
nception (@b) Txlixolo | 2 | 24 | 112 | 2% | 3 Gl 95K | T17M
inception (4c) Tix14x640 | 2 | 192 | 128 | 256 | 3 o 654K | 128M
nception () Tix1ix600 | 2 | 160 | 14 | 2% | 2 Gl TR | 1M
inception (de) TxTx1024 2 0 160 2562 3 1282 717K S56M
inception (Sa) 2 384 192 384 4% 128 Lz, 1 7)5|\ 1.6M T8M
inception (Sb) 2 384 192 384 48 128 m, 128p 1.6M T8M
avg pool TX1%1024 0

fully conn Ix1x128 1 131K 0.1M
L2 normalization Ix1x128 0

ol 75M_| 168
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In general, FaceNet is used for training face classifiers
with triplet loss function but in this work, we use FaceNet
as a face embedding. Each facial image after processed
and converted to gray scale should be fed into FaceNet
CNNs to get a 128-dimensions embedding vector which
represents all the features extracted from the face. All the
facial image embedding vectors are saved and used for

training the classifier.
E .

—
Figure 7. FaceNet model structure [16]
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5) Classifier with Support Vector Machine

Although, the FaceNet model is the state-of-the -art
in face recognition, verification and clustering neural
network with extreme high accuracy but the data set used
in this model too large and almost facial images using are
European and American so it needs to much
computational cost for training and very low accuracy
when we apply our data set into it. Alternatively, we apply
Support Vector Machine (SVM) [29] algorithms for
classifying facial images in this work.

SVM is one of the most popular machine learning
algorithms for classification and it is not as complicated as
deep learning [30]. Support vector machine aims to find
the hyperplane that maximizes the distance between the
support vector (the closest data points) and the hyperplane
or hypothesis [31]. In other words, there is labeled
training the algorithm produces an optimal hyperplane
that categorizes new examples. In two dimensional
spaces, this hyperplane is a line separating an airplane into
two parts where in each class are located on both sides.
The hyperplane is visualized in figure 8.

Ahyperplanein R2isa line

Ahyperplanein R¥is a plane

Figure 8. SVM hyperplane

Originally, the SVM algorithm is used to solve some
problems classified with only 2 classes, but it can not be
solved for multi-classification. So, to implement SVM to
multi-classification one of the basic methods called One-
Versus-All (1-v-A) has been proposed. In 1-v-A SVM,
classification functions are constructed by classifying each
class with all other classes [32]. Before doing this, the
label of the sample class needs to be replaced by 1 and the
labels of other classes replaced by -1. Suppose that you
have n classes in your dataset. Then, there will be n
classification needed to be constructed. In the process of
classification, the classifier compares all classes, then
which class has the largest result will be selected as a
recognition class. The loss function of SVM is shown in
formula below:
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m

n
Fross—svr = C; [y'if).Costl(Brx:f)) +(1— y@)Costy (Brx':f))] + %; Qf

()

where C is penalty parameter, x‘® is sample feature
vector, m is number of samples, n is number of features,
& is weight of hypothesis.

6) Text to speech

The smart device after recognizing the face of people
in the training dataset should be exported to audio by
using a module in python3 named pyttsx3 for text-to-
speech conversion. This module can work offline and
have multiple choice for language and accent based on
region in many countries in the world.

[ll. SIMULATION RESULTS AND DISCUSSION

After training our model and successfully building our
smart wearable device, we surveyed and evaluated the
performance of the device in a normal environment with
different light conditions. We wuse accuracy (AC)
parameters to measure the person who is identified
correctly. Figure 9 shows the prototype of the smart
device.

Figure 9. Prototype of the proposed smart device

A. Performance evaluation

The developed smart wearable device needs to ensure
accurate face recognition and convey information about
the person who is recognized via audio to the visually
impaired. With the application of deep learning solutions
and optimized classification algorithms, our device
ensures high accuracy. Figure 10 shows that the classifier
can recognize the human face with high accuracy up to
99.3% in good light and 98.6% even though the device
works in weak light condition.
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(b)

Figure 10. Face recognition feature of device in
different light condition (a) In good light condition (b) In
weak light condition

To investigate the actual capability of the device in
different conditions, the research team has experienced the
device in different light conditions including: 1) nature light
condition (without sunshine and clouds), 2) in a room with weak
light condition. Figure 11 describes the accuracy when the smart
device recognizes face in two environment conditions above.
The results show that the smart device can work well and
identify with high accuracy within 140cm. Out of 140cm, the
accuracy begins to gradually decrease. The reason for this
decrease is currently the research team is using an embedded
computer Raspberry Pi 4 with many hardware limitations and
processing ability. Besides, the smart device uses a normal
Raspberry pi camera with a low resolution of only 5 megapixels.
Therefore, we can completely increase the distance identification
by using a camera with better sensitivity. However, it is also
important to be careful with the balance between performance
and cost.

100
%0
80
70
60
50
40
30
20

—+— Good light
condition

—a— Bad light

10 condition

ACURRACY (%)

60 &80 100 120 140 160 180
DISTANCE (CM)

Fig 11. Accuracy of smart device for face recognition in
different light condition

B. Discussion

In this work we collected data from only 5 individuals and
each person only 300 portrait images with a few poses with the
same distance and light condition so it possibly reduces the final
recognition performance of the smart device. In order to increase
the performance of the device, in the next step, we will collect
more data in different environments, distance, light conditions,
and research more about pre-processing images before feeding it
to the deep learning model.

The computation performance to extract features from
people's faces which are detected from the camera also is a huge
challenge. In this work we used a raspberry pi with many
hardware limitations and processing ability so the smart device
still worked a little bit slow. Furthermore, our camera used in
this device had low resolution and working distance was not
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very good so it was hard to capture and detect the face of people
from a long distance.

V. CONCLUSSIONS

The development of smart devices to support visually
impaired persons in particular and the disabled in general is
considered an urgent issue. Smart devices will help visually
impaired people better integrate into life, and be more
autonomous with daily activities.

In this paper, we proposed and developed a smart wearable
that supports face recognition using deep learning and machine
learning classification algorithms, which can be applied in a lot
of smart devices. This proposed device archives the great
accuracy for face detection and face recognition when using
FaceNet as a feature extractor and SVM algorithms used for
classification. The proposed smart device aims to create a low-
cost device with multiple functions and high performance. It can
be widely distributed to individuals and health organizations.

In the near future, we will continue to develop and
improve the smart device’s functionality to make it more
functional and more efficient. Besides, as we mentioned above,
with being able to recognize faces using thermal images, now the
research team is developing a device with face recognition using
thermal images combined with body temperature measurement.
We are also currently researching and developing the cash
recognition function and will apply into our smart device soon.
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THIET BI PEO THONG MINH DANH CHO
NGUOI KHIEM THI DUA TREN THUAT TOAN
THONG MINH

Tém tit: Hé thong thi giac cua con ngudi dong mot vai
trd quan trong trong viéc nhén thic nhitng thong tin lién
quan téi moi treong xung quanh. Béi vi cac tin hiéu thi
giac cung cip nhiéu dit liéu hon thong tin thinh giéc nén
viéc su dung nhiing dau hiéu thi giac hiéu qua hon st
dung nhung tin hiéu thinh gidc dé nhan thirc thong tin.
Tuy nhién, trong truong hop ngudi khiém thi thiéu thong
tin tryc quan sé han ché ho trong viéc xac dinh thong tin
va nguoi than cta ho. Do do, cung vdi nhiing cong nghé
didu trj tir y té, cong nghé hd trg nguoi khiém thi khi di
chuyén dang dugc nghién ctru va tré nén cip thiét. Nhan
thiy kha ning ing dung cao ctia cong nghé nhan dién véi
tri tué nhan tao d6i véi viéc hd tro nguoi khiém thi.
Trong bai b4o nay ching ti nghién ctru va phat trién mot
thiét bi deo thong minh nhan dang khuén méat cho nguoi
khiém thi st dung ki thuét hoc sau. Thiét bi dwoc trién
khai trén mot nén tang phﬁn cung gon nhe va linh hoat
v6i chi phi thdp dé nhan dién va thong bao tén ngudi
dugc phat hién cho ngudi deo qua giong noi. Két qua thu
nghiém dugc khao sat va danh gia qua hi¢u nang cua
thiét bi cho thiy thiét bj vo cung linh hoat va dat d6 chinh
xac xap xi 99.3% trong méi truong thuc té.

Tir khoa: Hoc sau, phat hién khuon mat, nhan dién
khuon mat, mang no-ron tich chép.
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